Methods to accurately estimate spatially explicit fuel consumption are needed because consumption relates directly to fire behavior, effects, and smoke emissions. Our objective was to quantify sparkleberry (Vaccinium arboretum Marshall) shrub fuels before and after six experimental prescribed fires at Fort Jackson in South Carolina. We used a novel approach to characterize shrubs non-destructively from three-dimensional (3D) point cloud data collected with a terrestrial laser scanner. The point cloud data were reduced to 0.001 m -3 voxels that were either occupied to indicate fuel presence or empty to indicate fuel absence. The density of occupied voxels was related significantly by a logarithmic function to 3D fuel bulk density samples that were destructively harvested (adjusted R 2 = .32, P < .0001). Based on our findings, a survey-grade Global Navigation Satellite System may be necessary to accurately associate 3D point cloud data to 3D fuel bulk density measurements destructively collected in small (submeter) shrub plots. A recommendation for future research is to accurately geolocate and quantify the occupied volume of entire shrubs as 3D objects that can be used to train models to map shrub fuel bulk density from point cloud data binned to occupied 3D voxels.
I n wildland fires, fuel consumption is a major determinant of fire behavior and severity (Byram 1959) , which are ecologically important for carbon and nutrient dynamics, soil erosion, vegetation recovery, and succession (Turner et al. 1997 , Lentile et al. 2007 , Keeley 2009 , Sikkink and Keane 2012 . Consumption is defined as the amount of live and dead biomass that is either pyrolyzed or combusted during a fire (Ottmar 2014) . Because fuel consumption is a major determinant of heat release, smoke production, and pollutant emissions, characterizing fuel consumption and combustion by flaming and smoldering phases is necessary for modeling fire-atmosphere interactions and related smoke emissions (Potter et al. 2012 , Prichard et al. 2019 ). Because of differences in fuel structure and suitability for combustion, fuel consumption is spatially heterogeneous and varies by fuel type from the canopy to the forest floor. Combustible fuels include (1) live and dead canopy fuels, composed of tree stems, branches, and needles; (2) ladder fuels such as vines, regenerating trees, or dead lower branches that connect surface fuels to canopy fuels; (3) understory shrubs and herbaceous (grasses, forbs); (4) surface fuels composed of coarse woody debris (CWD) and fine woody debris (FWD); and (5) forest floor fuels composed of a litter layer above a denser organic soil layer, termed duff (Davis 1959) . In frequently burned ecosystems such as southern pine forests maintained using prescribed fires, a midstory and ladder fuels are almost entirely absent, so only ground, surface, and understory fuels typically combust, and as such, we focus on these fuels in this study.
Research on fuel consumption (available fuel) often reports consumption as the difference between total preburn fuel loading and total postburn fuel loading for a given prescribed burn management unit (Byram 1959 , Wright 2013 . Operational wildland fuel consumption models such as Consume and the First Order Fire Effects Model (FOFEM) estimate wildland fuel consumption by category (e.g., tree crowns, shrubs, herbs, downed wood by size class, litter, and duff) (Reinhardt et al. 1997 , Prichard et al. 2007 , Lutes et al. 2012 , Prichard et al. 2014 ). However, further refinements are needed to spatially characterize fuel consumption to understand fine-scale fire effects , Wiggers et al. 2013 ) and to provide more accurate estimates of pollutant emissions, many of which markedly vary between the flaming and smoldering phases of combustion (Urbanski 2014) . For example, fuelbeds dominated by fine fuels such as litter, grasses, forbs, and shrub crowns generally burn mostly in the relatively short yet efficient flaming phase of combustion. In contrast, fuelbeds dominated by coarse wood and/or organic soils burn more in the longer-term, less efficient smoldering combustion phase with implications for soil heating and longer-duration smoke impacts (Haase and Sackett 1998) .
Wildland fuels are virtually always highly heterogeneous in terms of composition, loading, and flammability Gray 2013) . Because the structure and complexity of fuel beds vary in space and time, so do fire behavior and fire effects at commensurate scales (Parsons et al. 2011) . The complexity of wildland fuelbeds at multiple spatiotemporal scales greatly complicates their characterization, even at a single point in time for a single combustible material. In other words, spatial heterogeneity requires spatial characterization; high heterogeneity observed at the plot scale, for example, may appear as a homogenous repeating pattern at the stand scale. Although wildland fuels vary in three dimensions, as do fire behavior and fire effects , no study to our knowledge has ever estimated consumption in 3D such that it could be functionally linked to fire behavior and effects.
Fuel and Consumption Measurements

Existing Methods
Direct measurement of consumption of heterogeneous, wildland fuelbeds in situ and in 3D is still beyond current technological capabilities. Studies that have successfully estimated fuel consumption have done so indirectly, by one of three methods. The active fire method measures the energy release of burning fuel, which has been shown to be linearly related to fuel consumption as shown by small fire experiments (Byram 1959 , Wooster et al. 2005 . The retrospective method measures immediate postfire white ash content, the first-order product of combustion, which has been shown to be linearly related to consumption (Smith and Hudak 2005 , Hudak et al. 2013 . The traditional and most applied method is to measure the fuelbeds in situ, pre-and postfire, and then subtract the latter from the former to calculate consumption (Campbell 1959 , Hough 1968 , van Wagner 1972 , Hough 1978 , Brown et al. 1991 , Scholl and Waldrop 1999 , Sullivan et al. 2003 , Hollis et al. 2010 , Wright 2013 . However, by any of these existing methods, it is impractical to resolve consumption of all component materials at the scales at which they vary in heterogeneous, wildland fuelbeds. This problem is akin to the challenge of estimating forage use, which has been studied extensively in range management (Heady 1949 , Southern Forest Experiment Station 1959 .
Some traditional fuel measurement methods can be colocated to provide direct measures of consumption, such as the wirelog method (Hedin and Turner 1977 , Brown et al. 1991 , Albini et al. 1995 , to estimate consumption of logs, and the duff pin method (Beaufait et al. 1975 , Lewis et al. 2011 for forest floor consumption. However, destructive sampling techniques that harvest, dry, and weigh fuels before the fire necessarily prevent postfire measurements at the same locations. Because the locations of pre-and postfire destructive harvest or "clip" plots must differ, consumption estimates derived from paired pre-and postfire fuel measurements will have a coarser spatial resolution .
Point Cloud Methods
New developments in remote sensing technology involving quantitative interpretation of point cloud datasets collected with light detection and ranging (lidar) or similar technologies hold promise for fine-scale, in situ characterization of fuels and consumption (Seielstad and Queen 2003 ). Airborne lidar, also known as airborne laser scanning (ALS), is used widely and operationally in forest inventory for characterizing forest structure (Hudak et al. 2009 ). Comparing preand postfire ALS was demonstrated as a feasible means to characterize canopy consumption in the New Jersey pine barrens burned with prescribed crown fires (Mueller et al. 2017), and McCarley et al. (2017a, b) mapped canopy cover change because of fire, bark beetles, and harvest using pre-and postfire ALS in central Oregon. ALS provides landscape-level coverage from a vertical (nadir) or
Management and Policy Implications
Public health concerns stemming from smoke emissions from prescribed fires are a major constraint for land managers on when, where, and how to burn. Fire and fuel managers would benefit greatly from remote sensing methods to quantify fuels loads, one of the major determinants of whether to prescribe a fire, and under what conditions. Methods that account for fuel heterogeneity are needed to do this more reliably because current operational fire and smoke models assume homogeneous fuel distributions. Although fire behavior, fire effects, and smoke emissions from fires relate to fuel structure and composition, they even more directly relate to fuel consumption. Estimation of fuel consumption requires research beyond quantification of fuel loads, whether prefire for purposes of fuel and fire planning, or postfire as a way to assess and predict fire effects. Our approach and findings advance the characterization of spatially complex shrub fuels in 3D, at the scales at which they vary using terrestrial laser scanning technology, so we can enhance the capabilities of fire and smoke models needed by managers and planners. Improved quantification of fuels and fuel consumption also will provide better, spatially explicit information to fire, fuel, and smoke managers and modelers, and policymakers. high oblique (e.g., high scan angle) perspective, albeit at a reduced point density compared to terrestrial laser scanning (TLS) data.
At a finer scale, TLS provides denser 3D point cloud characterization from a horizontal or low oblique (e.g., from a boom lift) perspective. TLS of understory vegetation/fuel has been applied before and after prescribed understory fires in a longleaf pine ecosystem , Rowell et al. 2016a and to describe fuels in Douglas-fir (Seielstad et al. 2011) . Although TLS provides a higher spatial resolution than ALS to differentiate between overstory, understory, and canopy fuels, the spatial extent is usually limited to that of a typical forest inventory plot, with at least two scans from different view perspectives required (Olsoy et al. 2014) , and even five scans are needed in forests to overcome occlusion by tree trunks or other objects obstructing the view (Stovall and Shugart 2018) .
Justification and Objectives
Why is 3D fuel information needed? Fire scientists and managers input fuel information into fire and smoke models to better understand expected fire behavior, smoke emissions, and fire effects, all of which have important implications for fire and fuel managers . That these data must be in 3D is critical to provide the complexity needed for quality fire behavior simulations (Rowell et al. 2016a) . Indeed, it is the fuel leg of the fire behavior triangle (also composed of topography and weather) that is often described as the only component that can be manipulated (Parsons et al. 2016) . The minimum observational requirements for fuels and consumption vary greatly across the spectrum of fire and smoke models-from relatively simple point-based operational models such as BehavePlus (Andrews et al. 2005) , Consume (Prichard et al. 2007) , and FOFEM (Reinhardt 1997 , Lutes et al. 2012 to operational models that spread fire across landscapes such as FARSITE and FlamMap (Stratton 2006) , to complex physics-based models such as WFDS (Mell 2007 (Mell , 2009 ), FIRETEC (Linn et al. 2002 (Linn et al. , 2005 , and WRF-SFIRE-CHEM (Mandel et al. 2011 (Mandel et al. , 2014 ) that simulate fire behavior in 3D. These latter, physics-based models resolve combustion within 3D gridded meshes and require 3D fuel inputs at fine resolutions (generally submeter to 5-m mesh size).
The overarching goal of this study was to measure fuels and estimate consumption in fuelbeds in 3D at a resolution commensurate with fuel observations collected pre-and postfire on experimental prescribed burns. For this study, we focused on understory shrub fuels. We collected TLS point clouds and destructively harvested fuel biomass, both in 3D, before and after burning to quantify consumption in 3D. We also compared 3D shrub fuel consumption estimates to those derived from traditional destructive samples collected pre-and postfire.
Methods
Study Area
Our study was located at Ft. Jackson, an Army Base located east of Columbia, South Carolina (Figure 1 ), in southern pine forests dominated by slash pine (Pinus elliottii) and longleaf pine (Pinus palustris). Frequent prescribed burning (2-5-year fire rotation interval) is used to limit understory growth and surface fuel accumulations to facilitate military training and to promote dominance of fire-dependent longleaf pine over less fire-resistant slash pine (Regional Working Group 2009). Other important management objectives are to manage timber resources and conserve habitat for the red-cockaded woodpecker (Picoides borealis), listed as an endangered species that requires these frequently burned southern pine forests for nesting and foraging.
Field Measurements
Sparkleberry (Vaccinium arboretum Marshall) is the predominant shrub species in the plots burned for this study and was the only species targeted for sampling. At Ft. Jackson, it is often the major understory shrub associated with longleaf pine. A bulldozer was used to establish firebreaks to delimit the experimental burn units, each ~0.16 hectare in size, or just large enough to encompass a 40-m × 40-m area designated for pre-and postfire field sampling and TLS (Figure 1 ). The plots had been last burned 2 years prior, in the growing season. All burn units were selected for having sparkleberry shrub coverage, which was unevenly distributed as individual plants or in clumps of varying size ( Figure 2 ). Within each burn unit, paired pre-and postfire sparkleberry shrubs subjectively selected for proximity and similar stature were harvested for 3D biomass measurement within a 0.5-m × 0.5-m destructive sample (i.e., clip) plot. Four paired shrub plots (four prefire and four postfire) per burn unit were clipped beginning from the shrub top (<2 m) and clipping at 0.1-m vertical intervals down to ground level ( Figure 3 ). All shrub material was clipped, bagged, and labeled separately by vertical stratum. Frame design, construction, and 3D sampling protocol are further described in Hawley et al. (2018) .
In addition to the paired sparkleberry shrub clip plots, four paired clip plots (four prefire and four postfire), also 0.5-m × 0.5-m in size horizontally (0.25 m 2 ), were established to estimate fuel consumption of shrubs, grass, fine downed woody debris (<7.62 cm diameter), litter, and duff in 2017. Based on a preliminary analysis of the 2017 samples, the plot size was quadrupled and the sampling effort doubled in 2018 to overcome higher-than-anticipated fuel variation; i.e., eight prefire and eight postfire 1-m × 1-m clip plots were established to estimate fuel consumption of shrubs, grass, and fine downed woody debris in 2018. The paired plots were laid out systematically at 5-m (2017) or 8-m (2018) intervals, with 2 m (2017) or 6 m (2018) separating each pre-and postfire pair.
Pre-and postfire material collected from all clip plots was weighed and oven-dried at 70° C for 48 h to determine dry biomass weight. Fuel consumption of the shrubs, grass, and small down woody debris was calculated by subtracting the prefire biomass from the postfire biomass for each fuelbed category.
Because of the high variability in litter and duff depth observed in 2017, litter and duff consumption in 2018 was measured using 16 consumption pins per paired consumption plot. The pins were pushed into the litter and duff layer with the head of the pin flush with the top of the litter. After the fire, each pin was located, and total litter and duff prefire depth and postfire depth were measured. Using a representative bulk density for the litter and duff of the region (Ottmar et al. 2003) , the prefire depth and postfire reduction in the litter and duff were converted into biomass.
Fuel moisture sampling was initiated 2 h before ignition. Shrubs, grass, downed woody material, litter, and duff moisture samples were collected, with the finer fuel fractions most amenable to drying collected later, i.e., closer to the time of ignition. All material was bagged, weighed, and then oven-dried at 70° C for 48 h to determine the moisture content for each fuelbed category.
Within each burn 40-m × 40-m unit, metal conduits were installed to demarcate the four corners of a 30-m × 30-m square for focusing TLS point cloud data collections. Within each large square, additional conduits were used to mark the corners of smaller, nested squares of 10-m × 10-m and 4-m × 4-m targeted for more intensive scanning in 2017. In 2018, rather than marking smaller nested squares, conduits were used to mark sparkleberry shrub plots, selected for more intensive scanning and destructive sampling, and distributed such that the scans were spatially nested within the 30-m × 30-m largest squares similarly to 2017. Each conduit was geolocated with a resource-grade Global Navigation Satellite System (GNSS) receiver (Geo7X, Trimble Inc.) 1 with realtime differential correction capability. Geolocations were recorded for all nested square plot corners marked with metal conduit, as were the paired clip plots, paired sparkleberry shrubs selected for 3D fuel sampling, and trees. The recorded tree attributes were: species, status (live, unhealthy, dead), diameter at breast height (dbh), height, height to crown, and crown diameter (major and minor axes).
TLS
The TLS used was an LMS 511 (SICK Inc.). 1 The horizontal line scanner of the laser sensor was placed vertically on the rotation table, which rotated 360° to capture the three-dimensional point cloud data. The portable TLS system was set up on a tripod and easily carried to more convenient positions in the burn unit affected less by tree boles or dense shrub clumps that obstructed the view for data collection. The sensor itself was a line sensor, which meant the laser shot in one dimension. The sensor was set to scan vertically from bottom (ground) to top (sky) while mounted on top of a turntable that was rotated 360° horizontally for every scan. The geolocation of the TLS for a given scan was set to zero initially; i.e., with a starting azimuth of 0° horizontally and a starting zenith of 0° vertically. The 3D point cloud data were created without a compass because the TLS was accurately calibrated horizontally and vertically, and the horizontal degree was accurately registered by the encoder as the turntable rotated. The TLS recorded 3D point locations with intensity values (strength of laser returns) normalized to 8-bit unsigned values (0-255), but because intensity values did not represent actual object reflectance, they were ignored in this study.
Scans at each plot corner plus the mid points between plot corners along the square boundary provided a minimum of eight scans for each of the nested square plots scanned in 2107. Based on a preliminary analysis of 16 sparkleberry shrubs selected for 3D fuel sampling in 2017, a minimum of two scans were collected surrounding each of the sparkleberry shrubs selected for 3D fuel sampling in 2018. In some cases, three to four scans were required to ensure that shrubs were scanned to overcome occlusion by other objects and clearly see the targeted shrubs in the point clouds, along with the metal conduits marking their locations. The shrubs selected for 3D sampling were spatially clustered such that the distribution of the scans was spatially nested within the larger burn unit in 2018 like in 2017. Around the periphery of an area to be scanned, four to eight reflective targets were positioned to remain stationary and provide relative tie points for merging point clouds from separate scans as the TLS was moved around the plot. Although commercial TLS have ready-to-use, specialized software to merge the scans, this customized TLS did not, so an automated merging algorithm was developed for this study, as described below.
Point Cloud Data Processing
Georegistration
Preprocessing was necessary to match point cloud datasets in the same georeferenced coordinates. The TLS x, y, z data were referenced initially to the 0, 0, 0 origin (the initial sensor location). Treetop locations were used to georegister the TLS data to the ALS data in real-world coordinates. First, a digital surface model (DSM) was created from the maximum height of discrete points within 0.25-m × 0.25-m resolution grid cells. Second, Gaussian filtering was applied to smooth the DSM, and all peaks were automatically identified using local maxima filtering within a 5 × 5 moving window. Third, treetop locations were used to shift and rotate the DSM to fit the treetops in a 0.5-m × 0.5-m georectified canopy height model derived from the ALS data, collected on November 21, 2015 by the Army Geospatial Center, as part of the BuckEye mission, using an Optech ALTM Gemini sensor. The ALS point density averaged 8.7 returns m -2 . The TLS point clouds were height normalized by subtracting the 0.5-m × 0.5-m digital terrain model derived from the ALS.
Shrub Plot Location Adjustment
Using the las file viewer of LASTools (Isenburg 2018) , the point cloud data from the merged scans were viewed in the vicinity of the metal conduits marking the sparkleberry shrubs selected for 3D sampling; the conduit marking the shrubs provided a visible feature in the TLS point clouds to ensure accurate coregistration. Adjusting the conduit locations was determined to be essential, as the geolocation errors of the conduit positions collected under forest canopy, despite real-time and postprocessing differential correction, were often as large as or sometimes larger than the size of the 0.5-m × 0.5-m 3D shrub sampling frame.
Conduit Removal
To increase the accuracy of shrub fuel load estimates, TLS points reflecting off the metal conduits were removed. Virtual conduit removal was performed using methods built upon previous work for automatic pole-like object detection (Cabo et al. 2014 (Cabo et al. , 2018 . These methods are based on the isolation of some parts of the poles (conduits in this case) and were applied to subsets of the point clouds around the adjusted locations of the conduits. First, the points belonging to each subset were voxelized; a voxel is analogous to a pixel but represents a volumetric space in a three-dimensional (3D) regular grid. Voxels then were grouped according to their proximity and vertical continuity. After that, and not assuming that the conduits were completely vertical, an initial directrix line of the conduit was computed using a principal-component analysis of the x, y, z coordinates. From this line, noise and artifacts around the conduit were detected and removed. This last step was performed iteratively, recalculating the directrix line of the conduit. Finally, the results were validated visually before removal of the TLS points reflected off the conduits.
Voxelization
TLS point densities differed as an artifact of the different sensor scanning locations rather than the vegetation/fuel structure of interest. Upon merging the TLS data from the different scans, there was duplication of 3D point distributions from some objects scanned from different angles. To minimize the effect of duplication, 0.1-m × 0.1-m × 0.1-m voxels (i.e., 0.001 m -3 ) were generated. Voxels containing one or more 3D points were assigned a value of 1 to indicate fuel presence; otherwise voxels were assigned a value of 0 to indicate fuel absence. This greatly reduced the file size of the 3D fuel presence maps pre-and postfire, relative to the original TLS data volume. Only TLS points in the vertical space occupied by shrubs, between 0.1 m and 2 m above ground level, were included in the voxelization. Consumption maps were generated at 1 m -3 resolution by tallying the difference in occupied 0.001 m -3 voxels between the pre-and postfire maps of fuel presence.
Shrub Fuel Bulk Density Modeling
At each 3D shrub clip plot location, occupied voxels were tallied within a virtual 0.5-m × 0.5-m × 2-m rectangular frame superimposed on the point cloud, for comparison with measured shrub fuel bulk density. Models predicting pre-and postfire shrub fuel bulk density were fitted based on the 2018 data only, because in 2017 the TLS point densities at the sparkleberry shrubs selected for 3D fuel sampling were insufficient to reliably see the metal conduits, as in 2018. Because the shrub fuel densities were not normally distributed, Spearman rank (rather than Pearson) correlation and adjusted R 2 were calculated to assess the strength and significance of relations. Predictive models were fitted, residuals inspected, and statistics generated using R statistical software (R Core Team 2015).
Results
Traditional Measurements
All six replicate burn units had similar overstory, understory, and surface fuel conditions. The first two units were burned on May 9, 2017 in the late morning (16D1-17) and early afternoon (16D2-17); winds were light and from the northwest (Figure 4) . In 2018, four plots were burned under light southwest winds on successive days: May 1 (24B8-18) and May 2 (24A7-18) in the afternoon, and May 3 in the morning (16D1-18) and afternoon (16D5-18). Mean fuel moisture contents were relatively low for litter and FWD, intermediate for duff, and high for the mostly live herbaceous and shrub fuels in particular, which was typical since this was the spring growing season (Blackmarr and Flanner 1968) (Table  1 ). The Spearman rank correlation between fuel moisture content and consumption was significant (ρ = -0.68, P < .001). Surface and ground fuels were mostly composed of 2 years of accumulated needle fall that made litter the largest contributor to consumption, followed by duff and FWD (Table 1, Figure 5 ). Herbaceous fuel was a minor contributor to consumption, whereas calculated shrub consumption was negative because measured shrub fuel loads were higher postfire than prefire at half of the burn units (Table 1, Figure 5 ). Duff was the largest fuelbed component both pre-and postfire in this fire-maintained southern pine ecosystem, followed by litter, FWD, and lastly the herbaceous and shrub fuels composed of mostly live biomass ( Figure 5) .
A large coefficient of variation provides further evidence that shrub fuels and consumption were the least reliably estimated of any fuelbed component by the traditional 2D method (Table 1, Figure 5 ). Destructive fuel measurements cannot be colocated, making traditional consumption measurements particularly problematic in the case of patchy shrub fuels having inherently high spatial variability in 3D. Moreover, consumption of fine fuel elements of the shrubs (leaves and twigs) varied widely within and between shrubs and shrub clumps from very incomplete, in which leaves were merely scorched, to virtually complete consumption where only charred larger stems remained ( Figure 6 ).
Point Cloud Measurements and 3D Fuel Sampling
The TLS point clouds provided colocated 3D representations of overstory and understory canopy structure pre-and postfire (Figure 7) . Treetops in the canopy height model (CHM) derived from the merged scans were coregistered to the ALS-derived CHM with higher accuracy in the 2D plane (mean root mean square error
[RMSE] = 0.45 m) than in 3D (mean RMSE = 0.91 m), which may be attributable in part to 2-3 years of tree height growth between the 2015 ALS acquisition and the 2017-18 TLS collections (Table  2) . At the two 2017 burn units, the maximum tree height measured in the field was 19.9 m, the mean tree height was 11.5 m (SD = 3.6 m), and the mean crown base height was 7.1 m (SD = 2.3 m). The maximum tree height measured with ALS was 23.7 m in burn unit 24B8-18, and in no burn units did it exceed 24 m (Figure 1) . Sparkleberry shrubs at the 48 small 3D shrub clip plots averaged 1.0 m (SD = 0.3 m) in height and did not exceed 2 m (maximum = 1.7 m); therefore, the understory shrub canopy could be easily separated from the overstory tree canopy by considering only points <2 m above ground.
The resource-grade GNSS used reported a horizontal precision of 0.2-0.5 m, yet the accuracy of the recorded metal conduit geolocations marking the 3D shrub clip plots was worse, averaging 0.77 m (SD = 0.53 m), as calculated from how far the 32 metal conduit geolocations in 2018 were adjusted after viewing them in the TLS point cloud. The density of voxels occupied by TLS points was significantly related to both pre-and postfire shrub fuel bulk density at the 32 small 3D shrub plots measured in 2018, by a logarithmic relation (Figure 8 ). Excluding the TLS points reflected from the metal conduits improved the prefire model R 2 from 0.33 to 0.35 and the postfire model R 2 from 0.24 to 0.31. The mean shrub fuel bulk density due to consumption decreased from 556 to 379 g m -3 (31.8 percent), whereas occupied voxel density decreased Note: Fine woody debris included 100-h, 10-h, 1-h fuels, and pine cones. Herbaceous fuels included grasses and forbs. Coarse woody debris, or 1,000-h fuels, were sampled in only one burn unit (24B8-18). Suspended litter (litter caught in shrubs above ground) was another minor fuelbed component that was completely consumed. Shrub consumption was unrealistically negative at three burn units where measured shrub fuels were higher postfire than prefire ( Figure 5 ). CV, coefficient of variation; SD, standard deviation. where the dependent variable y denotes occupied voxel density (m -3 ), and the independent variable x denotes shrub fuel bulk density (g m -3 ). This combined logarithmic fit in Equation 1 was then algebraically inverted to yield: [(y+323.5209)/199.8768] (2) whereby applying Equation 2, shrub fuel bulk density (x) was predicted from occupied voxel density (y) both pre-and postfire across the full extent of the TLS point clouds for all burn units. Fuel consumption was subsequently calculated as the difference between the pre-and postfire fuel bulk density maps for the six burn units (Figure 7) .
2D (Traditional) versus 3D (Point Cloud) Estimates
Shrub consumption was of most interest for our study, given it was the fuelbed component most amenable to measurement in 3D. Although the measurement units differed between the 2D (g m -2 ) and 3D (g m -3 ) shrub fuel and consumption estimates, in this study the 3D estimates could be directly compared to the 2D estimates because the mean shrub height was 1 m across the six burn units (i.e., 1 g m -3 × 1 m = 1 g m -2 ). The mean shrub fuel load estimated by the 2D traditional method compared to the 3D point cloud method was lower prefire (2D: 106.7 g m -2 ; 3D: 111.8 g m -3 ) but higher postfire (2D: 132.5 g m -2 ; 3D: 74.2 g m -2 ). The mean shrub consumption by the 2D traditional method was unrealistically negative (-25.8 g m -2 ) and extremely variable (CV = -8.6, negative because the mean was negative), whereas by the 3D point cloud method, the mean shrub consumption (37.6 g m -3 ) was reasonable and stable (CV = 0.4) across the six replicate burn units (Table 3) . The physically impossible negative consumption estimates at half of the burn units provide strong evidence of under-sampling by the traditional method (Tables 1 and 3, Figure 5 ).
Discussion
Spatially Explicit Estimation of Consumption
The high resolution of TLS and ability to colocate pre-and postfire measurements using non-destructive point cloud data underpin their superiority over traditional methods for estimating shrub fuel consumption in a spatially explicit manner across the broad extent of prescribed burns. Nevertheless, efficient destructive sampling is required to construct a robust empirical model needed to convert occupied voxel counts to physical estimates of fuel bulk density. This is a critical consideration if only for the shrub fuel Figure 5 . Mean (±SE) fuel loads prefire (colored) and postfire (hatched) for the five primary fuelbed components measured at six replicate burn units via traditional methods. The difference between mean pre and postfire fuel loads represents consumption. Note that postfire shrub fuel load exceeded prefire shrub fuel load at three burn units (i.e., negative consumption). See Table 1 for consumption estimates of all fuelbed components. component, as demonstrated by sampled shrub fuels in this study. Although our voxelization approach based on 32 shrub fuel plots was significant, the functional relation between shrub fuel bulk density and occupied voxel density that underlies the predictive shrub fuel maps was noisy (Figure 8 ). Clustering TLS collections in near proximity to the small shrub clip plots, and, later, adjusting their locations by directly viewing the metal conduits in the point clouds, proved essential for overcoming the geolocation errors of the resource-grade GNSS equipment used. For most forestry applications this would be sufficient but, for this specialized, cubic decimeter 3D matching analysis, proved only marginally adequate. High geolocation accuracy, as is achievable using survey-grade GNSS equipment, may be essential for replicating this method if one were to forego using metal conduits or similarly identifiable features, although the overstory canopy can still impede the ability to achieve survey-grade (<0.02 m) GNSS accuracy (Andersen et al. 2009 , Valbuena et al. 2010 ). If achieved, then other factors could measurably affect comparisons between pre-and postfire 3D fuel maps to estimate consumption, such as altered shapes of fuel elements after partial consumption or scorching from the fire. Wind was another factor that contributed to noise in the TLS point cloud data in this study.
Frequent prescribed fires carried out every 2-4 years to limit shrub growth and promote longleaf pine regeneration might be thought to have a homogenizing effect on fuel distributions across burn units. However, observed variability in fuel loads of most fuelbed components was large at the six burn units (Table 1, Figure  5 ), which may be in part a legacy effect of a prolonged period of fire exclusion (Kreye et al. 2014) . The spatial distributions of surface fuels are inherently heterogeneous , Keane and Gray 2013 , which likely affects consumption at this same scale and, in turn, fire behavior . Such high spatial variability confounds traditional measurements of consumption with paired plots having pre-and postfire locations that necessarily differ, even if by only 2 m. Forest floor consumption pins, as were used in 2018 to determine litter and duff consumption, have the advantage of colocation, rather than paired pre-and postfire clip plots, as were used in 2017, which are necessarily placed at different locations. Only at burn unit 24B8-18 was CWD encountered in the systematic sampling; had CWD been more common in these burn units because of less frequent burning, pre-and postfire measures of CWD along fuel transects would need to be added to estimate total consumption. The wire-log method would provide colocated consumption measures at specific locations (Sandberg and Ottmar 1983) .
This study focused on shrub fuel characterization and consumption, but shrubs were a relatively minor component of these mixed, heterogeneous fuelbeds. If fuel consumption is to be compared to energy release or other aspects of fire behavior, then pre-and postfire measurements of all the surface fuel components are required to estimate consumption, because fire behavior measurements cannot be easily partitioned by fuel categories that are simultaneously burning.
Point Cloud Sensors
In this study, shrub fuel was the only fuel component with a vertical component amenable to characterization with TLS. Had there been more herbaceous (grass and forb) fuel in this study's burn units, other data besides TLS may have been needed to separate shrub from herbaceous fuels (Mutlu et al. 2008) . Bright et al. (2016) demonstrated that point clouds derived from digital stereo photographs collected from close range, like the TLS, can be used to classify plant functional types. Point-cloud-based approaches as presented here could be scaled and applied to crown fuels; tree crowns are larger objects with more combustible fuel, increasing the utility of ALS for estimating canopy fuels and consumption. Although not included in this study, unmanned aerial vehicle (UAV)-based lidar collections are appealing for "bridging the scale gap" between ALS and TLS data, such as to extract individual tree and crown attributes at the extent of forest stands (Wallace et al. 2014 , Mohan et al. 2017 ). Structure-from-motion (SfM) techniques can be applied to generate photogrammetric point clouds from side-by-side digital aerial photos with high overlap and collected from different view angles (Westoby et al. 2012 , Kattenborn et al. 2014 , Zarco-Tejada et al. 2014 . Photogrammetric points derived using UAV-SfM methods are less accurate and provide less information on understory and surface vegetation/fuel structure relative to the superior canopy penetrability of active lidar sensors with superior penetrability of the overstory canopy (Hodgson and Bresnahan 2004) . However, photogrammetric point clouds derived from UAV-SfM and other multi-(or hyper-) spectral images do have the added capacity of three to five (or many) channels and additional information by which fuel (or vegetation) type may be classified ). Because only a small drone and camera are needed to create 3D photogrammetric point clouds, UAV-SfM is less costly to acquire than TLS or ALS data. In the future, UAV-mounted lidars could become more available, providing higher point density and added penetrability through the overstory canopy. They could also be more conveniently flown when preferred immediately before or after the fire, whereas contracting an ALS collection is more costly and more logistically difficult to obtain on demand. Rather than rely on any single sensor, it may be most advantageous to combine datasets, and the information contained therein, from multiple sensors. By merging various point cloud datasets collected at complementary scales and view perspectives (i.e., nadir, oblique, horizontal), the most realistic representations of 3D fuel structure and type may be achieved in the spatial domain. Merging pre-and postfire point clouds may facilitate 3D characterization of the combustible, fine fuel fractions for a more direct estimation of fuel consumption in 3D. Hierarchical, nested sampling provides a tenable framework for upscaling fine-scale (submeter) fuel characterizations at the fine-scale domain of TLS to the tree, stand, and especially landscape domain of fuel-and fire-management decisions . The voxel processing methods used in this study to estimate consumption had two phases. The first phase reduced the point cloud into a 3D array of occupied voxels of 0.001 m -3 resolution to map fuels, both pre-and postfire. The second phase tallied the difference in 0.001 m -3 occupied voxels between the pre-and postfire 3D fuel maps to map 3D fuel consumption at 1 m -3 . This two-phase approach at nested spatial scales is unique to analyze the point cloud, as past TLS or ALS studies to model fuels for surface fires in southern pine forests used the point cloud data directly (e.g., Hudak et al. 2016 , Rowell et al. 2016b . We also calculated and tested 3D point density metrics to predict 3D shrub fuel bulk density in this study, but the results were inferior to our model using occupied voxel density as a predictor, because of the problem of duplicated points from merging multiple scans. Thus, the point density was not just a function of the structure of the targeted objects of interest (i.e., shrubs), but confounded by the number of scans, the distance of the TLS from the shrubs, and the presence of occluding objects in between. Removing duplicated points by generating a 3D occupied voxel array dramatically reduced the data volume while also helping to normalize the distribution of point counts reflecting from object surfaces indicative of fuel elements.
This study revealed some important considerations for 3D fuel sampling using a voxel-based approach. Shrub fuels (or other types) are not uniformly distributed within the voxel, so voxels provided only a crude approximation of the 3D fuel elements, which becomes worse as the voxel resolution coarsens. The number of voxels destructively sampled per shrub could be increased, but this would be highly labor-intensive. However, there are analysis tools available to extract object shapes from the point cloud, such as the rLiDAR package (Silva et al. 2015) written in R to extract individual coniferous tree crowns from ALS data (Silva et al. 2016) , or potentially scaled down to TLS data of individual shrubs as in this study. Shrubs and deciduous trees often have irregular shapes that exacerbate the problem. Paynter et al. (2016) provided a conceptual framework for reconstructing complex object shapes from TLS data, e.g., using the TreeQSM package (Raumonen 2017) . Normalized counts of voxels occupied by TLS (or other point cloud) data within accurately geolocated and delineated 3D object shapes may provide superior training data for predictive fuel models, which could be subsequently applied to voxels for mapping. The 2D analogy already used operationally in lidar-based forestry applications is to bin the ALS point cloud data within typically round forest inventory plots to train predictive models of forest attributes, which are subsequently applied to raster grid cells for mapping. In summary, it would be more efficient to clip and weigh an entire shrub for its biomass after first scanning it to quantify its volume.
Conclusion
Our results reinforce several ideas that motivated this study. First, natural fuelbeds in virtually all fire-prone wildland ecosystems are more complex than what can be realistically characterized using solely traditional 1D (transect) or 2D (plot) methods alone. Spatially explicit measurements are necessary to characterize fuels in 3D for use in physics-based models of fire behavior and, when conducted in pre-and postburn assessments, can be used to map how spatial variability in fuels influences fire behavior, consumption, and postfire vegetation effects. However, complementary destructive sampling is still needed to predict the mass of fuel loads or consumption from metrics derived from the various point cloud datasets. Destructive sampling is also needed to estimate those fuel components (e.g., litter, duff, and fine woody debris fractions) that are not amenable to point cloud characterization because of limited visibility, but that contribute substantially to consumption, energy flux, and emissions.
This study produced two novel findings with regard to estimating shrub fuel consumption. First, the voxel normalization process employed was instrumental to make the TLS point cloud data comparable between scans, including between pre-and postfire scans. Second, it may not be necessary to collect both pre-and postfire destructive samples for model training, since we found only a negligible difference between pre-and postfire predictive fuel models. The significant relations were noisy, however, which in this study may have been only partially remedied by manually adjusting the locations of the 3D shrub plots used for model training. This strongly suggests that survey-grade GNSS accuracy is needed to geolocate small destructive sample plots for model training instead of the resource-grade GNSS used in this study. Further replication and research are needed to test and refine these findings. In particular, testing 3D field sampling of biomass at different scales would prove useful to refine bulk density estimations of other fuel components coupled with 3D point cloud derived volume estimations.
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